Household lifestyles, and activity patterns in particular, greatly influence household energy use. In this paper we analyse the disparities in current activity patterns and related energy consumptions and expenditures of households, for a comprehensive set of everyday activities covering 24 hours. Thanks to detailed data on energy consumption by end use, we are able to allocate the total of household energy consumptions to the appropriate activities. We comment on average energy and expenditure intensities of time uses of the total population as well as of income, household-composition and housing-type subgroups. Income, an obvious driver of energy and expenditure intensities, is revealed to influence time use as well. Household composition and housing type are also associated with substantial variations in activity patterns and in the energy and expenditure intensities of activities, even within a given income group. Indeed, sometimes the variations associated with income are smaller than the variations associated with other variables. We therefore underline the importance of household disaggregation in household energy analyses, to properly account for such disparities.
Introduction
Household consumption is a key driver of energy demand and of greenhouse gas emissions: in addition to direct household energy use, it has a bearing on the energy consumption of economic sectors embodied in consumed goods and services. For this reason, the implications of consumer lifestyle on energy use and emissions have attracted a growing interest in recent years (see e.g. [1, 2, 3] ). Furthermore, changes in consumption patterns are increasingly regarded as necessary to meet emissions reduction objectives beyond the reach of energy efficiency improvements [4, 5, 6] .
Beyond the microeconomic standard of utility maximisation under budget constraint, consumption choices do not derive solely from monetary considerations: an extensive literature stresses the importance of emotional, habitual and social aspects, in particular concerning energy use [7, 8, 9] . One other fundamental constraint on consumption patterns is time. Time is a budget irrevocably set for all individuals alike. Any increase of the time spent on one activity must be compensated by a decrease of the time allocated to other activities. Indeed, the availability of time could constrain future consumption choices more than the availability of monetary resources. Since Becker introduced the household production approach [10] , several studies have considered the implications of the substitution of goods for time and of the relative expenditure intensities of different activities [11, 12] .
For these reasons, as Schipper et al. [13] first pointed out, a fitting way to analyse the impact of lifestyles on energy use is to focus on the interdependencies of time use and energy consumption. Only a few empirical studies besides Schipper et al. [13] adopt this approach, crossing budget and time-use data to compare the energy consumptions associated with different everyday activities. Jalas [14] analyses the energy intensity of time spent on several activities for 2-person Finnish households in 1990, to reveal that the highest intensity is associated with car travel, followed by eating out and clothes washing or ironing. For the author, a comparison of energy intensities is useful to shed light on the possibility of a rebound effect with respect to time, if households externalise some services (e.g. clothes washing) and replace them with activities that are more energy-intensive than the externalised service itself. Brenčič and Young [15] also consider the implications of a rebound effect with respect to time, by studying the impact of time-saving appliances (like microwaves and dishwashers) on time use patterns and energy consumption. They find some evidence of rebound effect with respect to time, as households who own a dishwasher tend to use washing machines and clothes dryers more often than households who do not. Jalas [16] further considers the change in activity patterns and energy intensities of Finnish households between 1990 and 2000, showing that the energy intensities of activities increase over the period, but activity patterns shift in favour of less energy-intensive activities. This decomposition analysis is extended to 2009 by Jalas and Juntunen [17] , who show that during the 2000s the energy intensities continued to rise, and activity patterns shifted again towards more energy-intensive activities. Besides, the authors observe significant differences in energy intensities across different household compositions, highlighting the need to take household composition into account (although some of the variation they observe can be attributed to income effects). Similarly, Druckman et al. [18] study the greenhouse-gas emissions associated with everyday activities of British households and the GHG intensities of time spent in these activities. They find that personal care activities (including clothes washing and medical care) have the highest GHG intensity, followed by meals (at home or away from home) and commuting. The large differences in the energy intensity of activities reported by this literature draw attention to the significance of the impact that changes in lifestyles, which imply changes in activity patterns, can have on both direct and indirect (embodied in non-energy expenses) energy consumption.
Besides the studies cited above, which focus on the implications of lifestyles and energy intensities of activities for household energy use, it is worth noting that time use information has other important applications in energy research. For example, the energy intensity of activities, as regards electricity, is relevant for load profiling and demand management [19, 20] .
The purpose of our work is twofold: to quantify the variability of direct energy intensity and non-energy expenditure intensity of daily activities and to investigate to what extent activity patterns and the energy-and non-energy intensities of activities are sensitive to household characteristics. For the latter purpose we explore 3 axes of household differentiation: income, household composition and housing type. Our analyses rest on the combination of a number of datasets to construct a comprehensive, consistent vision of time use and associated energy consumptions and non-energy expenses. This allows us reaching further than previous studies in two respects. The first is that our results extend to all activities, covering all 24 hours of an "average" day, whereas the studies previously cited exclude some activities for the inability to properly allocate expenditure and energy or emissions data. The second is that detailed data on energy consumption by end use (taking into consideration the heterogeneity of energy prices, household equipment and behaviour) allows us to cover the totality of household direct energy consumption, attributing it to the appropriate activities.
In section 2 of this paper we present our methodology. In section 3 we comment on the resulting activity patterns, energy intensities and non-energy expenditure intensities of time uses for the average household and for household subgroups defined by income, demographic composition and type of dwelling. In section 4 we discuss our results and conclude.
Methodology
Because of the unavailability of any recent survey simultaneously reporting time-use and expenditure data, our study primarily builds on the statistical treatment and analysis of two data sets: the The time-use EDT survey consists of 27903 time diaries of individuals above 11. Each time diary reports activities at 10-minute intervals for a 24-hour period, as well as their locations. Time diaries were collected in 6 survey waves covering one full year, to warrant seasonal representativity. The household expenditure BDF survey provides data about income sources and expenditures of 15797 households. Expenditure diaries cover a period of one week for daily expenses, but extend to the full year leading up to the survey period for non-daily expenses like energy. Similarly to EDT, they are the result of 6 survey waves spanning over one year and are therefore representative of the whole year. INSEE provides weights to scale up the observations of both EDT and BDF at the level of the entire French population. Our analyses systematically concern such scaled-up data.
To cross EDT and BDF data we could theoretically estimate either time uses of BDF households based on EDT, or expenditures of EDT individuals based on BDF. We settle on the former option because BDF does not provide the fully individualised expenses that would be required to assign consumption budgets to EDT individuals, 1 whereas it describes the composition of each household, giving detailed information about household members. We can therefore es-timate the time uses of all individuals of each household in BDF and sum them up to obtain household time uses. The objective of our study then calls for an allocation of expenditures, and especially energy expenditures, to time uses, and a conversion of energy expenditures into physical units. We also decide to treat transport similarly to energy, i.e. as ancillary to (out-of-home) activities, which requires disaggregation of transport time, expenses and direct energy consumptions by purpose. To perform these further data treatment steps we exploit 4 additional surveys on residential energy consumption and travel behaviour via clustering, i.e. assuming that the average conditions (expense and time breakdowns, energy prices) observed on specific household subgroups of the 4 additional surveys apply to all members of corresponding subgroups of our core BDF survey.
We summarise the steps of our database building in Figure 1 . The following subsections successively detail each step.
Choice of time-use categories and time-use estimation
The first step of our data treatment consists in estimating activity patterns for individuals of the BDF survey. There are 140 time-use categories in the EDT survey. We initially group these categories in 15 everyday activities (Table 1) , although we will eventually distribute two of these time uses, namely the transport-time categories, to away-from-home activities. Our classification is a compromise between the detail of daily undertakings and both the ease of allocation of expenditure to the activities and the quality of the statistical estimation of time uses. It is similar to that of previous studies [17, 18, 11] . We split some activities in two based on whether they take place at home or away from home and, for home-based activities, on whether they require specific energy consumption or not. For example, we split leisure at home in two separate sets: an "energy-intensive" leisure that requires some kind of electric/electronic device (e.g. watching TV, surfing the Internet, playing video games) and a "non-energy-intensive" leisure, which includes conversations and reading. Our activities eventually group all 140 EDT time-use categories, therefore covering the entire 24-hour period described in each time-use diary.
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We use weighted least squares regressions 3 to estimate each time use across all individuals of EDT. Because the estimation is meant to be applied to BDF, we specifically select a set of explanatory variables common to both surveys (see Table 1 in the Appendix for an exhaustive list). These include socio-economic and demographic characteristics (income, age, sex, type of occupation, type of household, nationality, home-ownership status), geographical variables (size of urban area, type of urban area, type of neighbourhood, geographical area), housing characteristics (type of dwelling, surface, type of buildings nearby), appliance ownership (TV, computer, Internet equipment, telephone, mobile phone, microwave, dishwasher, washing machine, car, scooter/motorcycle), possession of pets, employment of a domestic worker, type of day (working day, half-day, holiday, sick leave, other). 4 The "type of day" variable, associated 2 The detailed allocation of EDT time-use categories to aggregate activities is available from the authors upon request.
3 There are several examples of statistical matching of time use and household expenditure surveys using regressions (e.g. [23] , [24] ). Others use a score-matching approach [12] , which has the advantage of preserving the variance of generated values with respect to starting values. For our analysis of various household group averages this advantage is irrelevant. 4 We treated the only serious issue of collinearity between variables, i.e. that between age and occupation (one of the occupations being retirement), by producing a principal component analysis (PCA) of the two variables (details available from the authors upon request). to time diaries in the EDT survey, allows addressing the difference between working days and days not worked, resulting in better estimates in terms of coefficients of determination and normality of the residuals. However, this variable is absent in the BDF household expenditure survey, as expenditure diaries cover a 7-day period and are then extrapolated to annual expenses and completed with annualised non-daily expenses (see above). To reveal corresponding average annual activity patterns, for each BDF individual we estimate time use for each type of day. 5 Then, we determine annual time uses by applying to each BDF individual the annual distribution of day types specific to their socio-economic group and type of occupation, according to EDT. We derive activity patterns for an "average day of the year" by dividing yearly time uses by 365 days. In the end, the estimated daily time uses sum up to 24 hours for each individual by nature of the method, considering the consistency of EDT data (which systematically sum up to 24 hours as well). Table 2 in the Appendix reports the quality of all our estimations.
Expenditure survey (BDF)
2011
Matching expenditures and time uses
The BDF survey provides expenditure data at 5-digit level of COICOP 6 classification, for a total of 248 items. We allocate these items to 13 of our 15 time-use activities, excluding the two travel activities, which we reallocate to away-from-home activities to acknowledge their ancillary status (akin to that of energy consumptions). For example, we associate all food expenditures to the "Eating at home" activity, medicines and personal care products to "Personal time", leisure equipment to the corresponding type of leisure activity, etc. We however assume that some expenses, like clothing, clothing accessories, tobacco products, insurance as well as all expenditures related to housing (rents, furniture and equipment, which must be paid for whatever the time share of away-from-home activities) are independent from the allocation of time; we therefore exclude them from the analysis. In addition, we disregard all investments and taxes. The only capital expenditure included in the analysis is expenditure on cars, as sustainable development policies often include a reduction of car use and car ownership. Similar assumptions have been made by Druckman et al. [18] and Jalas and Juntunen [17] . Table 2 provides further detail on our allocation of expenditures.
The allocation of residential energy expenses, travel time and travel expenses requires further exposition, to which we now turn. The BDF survey reports 8 types of residential energy expenditures based on the sum of energy invoices over the 12 months preceding the survey period. To attribute a share of each of these expenditures to each home activity we use two additional surveys. First, we use clustering to disaggregate energy expenses across 4 broad end-uses: heating, water heating, cooking and electricity for appliances. We compute the distribution of these 4 end-uses for 7 household groups defined by their main heating system, from the 2006 French housing survey [25] . We similarly separate BDF households in 7 heating-system groups and apply to all members of each group the average end-use shares computed in the housing survey for the corresponding group. We allocate cooking energy expenses to the "Housework: meals" time use and water heating expenses to the "Personal time" activity. 7 Then we use clustering again to disaggregate the expenditure associated with appliance electricity consumption across 8 detailed end-uses.
8
For this, we lean on a 2009 survey carried out by the R&D department of the EDF electricity company on 2000 households. 9 We calculate average expenditure shares for the 8 end-uses for 40 household types defined by income quintile, 10 household composition 11 and type of housing,
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and we apply these shares to the appliance electricity consumption of BDF households based on their household type. Most resulting expenses are straightforwardly allocated to the various time uses. Heating and cooling expenditures are spread across all home activities pro rata time use 13 Lighting expenditures are similarly distributed, except to the "Sleep" activity. In the end, energy expenditures for home activities are the sum of a "base" energy expense on heating or air conditioning and lighting, and of energy expenses specific to each activity (energy for cooking, electricity for household appliances or for leisure equipment, etc.).
To complete our matching of expenditures and time uses we allocate travel expenditures, including direct fuel expenditures, to the 4 away-from-home activities, according to the corresponding travel times, purposes and modes. Direct fuel expenditures are the only energy expenditure associated with away-from-home activities, as households do not directly pay for any other energy consumption incurred by such activities (e.g. at work or in public places). As previously hinted, we simultaneously distribute our 2 initial travelling time categories over the same 4 away-from-home activities, thus recognising the ancillary dimension of travel. The EDT survey singles out commuting trips, whose expenses and time we directly link to the "Work & study" activity. To disaggregate the "other travel time" we turn yet to another survey, the 2007-2008 French travel survey [26] , computing average travel times by purpose for household groups defined by income quintile, household composition 14 and type of residential area. 15 As BDF does not include any variable describing the type of residential area, we use its city size variable as a proxy: we determine, in the travel survey, the shares of households living in each residential area type for all city sizes; then, we use these shares as weights to compute a weighted average value of mode shares, purpose shares, time shares and distance shares for each combination of income quintile and household composition. Finally, we disaggregate travel times by purpose (that is, by activity) for each household type and each transport mode in proportion to the travel time shares we calculated, and we disaggregate travel expenditure (including fuel) in proportion to the appropriate distance shares.
Converting energy expenses into volume energy consumptions
For each household and each activity, we convert energy expenses into volume energy consumptions based on energy prices specific to each energy form and household type, to account 8 Air conditioning, mechanical ventilation, lighting, kitchen appliances (refrigerators, freezers, dishwashers and other kitchen appliances), washing machines & clothes dryers, electronic equipment for leisure (TV sets, computers, other ICT equipment), appliances for personal care, gardening & outdoor appliances. 9 This survey provides information on the use of 60 household appliances by 2000 households, describing for each appliance: ownership rate, energy label, age, size, frequency of use, time of use and settings.
10 Here and hereafter, by "income" we more precisely mean gross disposable income per consumption unit. 11 Single person below 65, couple without children with person of reference (PR) below 65, household with children, household with PR above 65.
12 Houses vs. apartments. 13 For want of data on averaged thermostat adjustments during specific activities as, typically, "Sleep". 14 According to the same modalities as those applied in the analyses of BDF and EDT: single person 65 or below, single person above 65, single parent, couple with children, couple without children with PR 65 or below, couple without children with PR above 65. 15 In 3 modalities: urban/central, urban/suburbs, rural.
for the fact that fixed charges vary with the type of contract subscribed. We again differentiate 60 household types based on income quintile, household composition and housing type, and compute average energy prices for each household type from the PHEBUS survey [27] , which describes residential energy consumption and expenditure for French households in 2012. We transpose 2012 price data to 2010 by way of the PEGASE database [28] , which provides yearly energy price statistics broken down by type of contract for electricity and natural gas. Concerning transport fuel consumptions, because BDF does not differentiate between petrol and diesel fuel expenditures, we must determine an average price of fuel for each household type, based on their petrol and diesel fuel consumptions in the French 2008 travel survey and on 2010 petrol and diesel fuel prices in France [29] .
Computing energy and non-energy expenditure intensities of time uses
The conversion of energy expenses into physical energy consumptions completes the chain of data treatments that produces our extended database (see Figure 1) . We can now turn to data analysis by computing the energy and non-energy expenditure (hereafter "non-E") intensities of time uses. Because the time spent on some activities by some households is nil, we cannot compute the intensities of time uses for all households and then average them. Rather, we first determine for each activity the average energy consumptions (in volume) per consumption unit (CU) 16 , non-energy expenditure per CU and time use per person above 11-systematically factoring in the representativity weights provided by INSEE. Then, we compute the intensities as ratios of theses averages.
If household i, of representativity weight w i , counting n i consumption units and p i persons above 11, spends h i hours (per person) and e i euros (per CU) on one activity, and uses E i energy units (per CU) in the process, then we compute the non-E intensity of time spent on this activity as (1) and its energy intensity, accordingly, as (2) . Household i belongs to the total database population or to any subsets thereof. We report intensities respectively as e or kWh per hour of activity. (1)
Results
We first comment on national average 18 activity patterns, non-E expenditure intensities and energy intensities of all households in our extended database, highlighting the variability of time and intensities across activities. Then, to demonstrate the heterogeneity of activity patterns and intensities among households, we push our analysis further by disaggregating 16 The household reference person counts one consumption unit (CU), additional individuals 14 or above 0.5 CU and additional individuals below 14 0.3 CU. We normalise energy consumptions and expenses on a per CU basis rather than on a per capita basis, to account for the economies of scale of households with more than one person. 17 As their analytical formulations make clear, our intensities really are e or kWh per consumption unit over hour of activity per person. 18 Averages across households of our database weighted by national representativity weights.
results for different income groups (deciles), household compositions (6 modes) and types of dwelling (houses vs. apartments).
National average activity patterns, energy and non-E expenditure intensities
The 13 activities in which we disaggregate the daily undertakings of French households are quite varied in terms of dedicated time, energy intensities and non-E expenditure intensities (Figure 2 ). After "Sleep" that takes up 8.6 hours per person per day, households spend the most of their time working or studying (3.2 h/pers./day), enjoying "Leisure (E-int.)" (2.7 h/pers./day), engaging in "Sport & outings" (1.7 h/pers./day) or "Eating at home" (1.6 h/pers./day) (Fig.  2) .
The highest (direct) energy intensity is that of "Housework: meals" (that is meal preparation and cleaning up), followed by "Sport & outings", "Personal time" and "Shopping & administration". The high intensities of "Housework: meals" and "Personal time" are caused by the additional, specific requirements of cooking and water-heating energy respectively, on top of base residential energy consumption and the energy consumption of dedicated appliances. The high direct energy intensity of meal cooking is consistent with the findings of micro-level studies, for example by Stankovic et al. [20] as regards electricity consumption. The other two activities that are very energy-intensive ("Sport & outings" and "Shopping & administration") are away-from-home activities: their high energy intensities are largely the result of the high share of travel time over total time (Table 3) . Indeed, the energy intensity is calculated considering the total time use of away-from-home activities, but the only direct energy consumption associated with these activities is fuel for private vehicles. A larger share of travel time over total time, therefore, will be associated with a higher energy intensity. This, combined with the high modal share of private vehicles for these activities (respectively 67,6% for "Sport & outings" and 89,5% for "Shopping & administration"), results in a high energy consumption over a relatively short total time, leading to a high energy intensity. Moreover, people tend to travel alone for these two activities. On the contrary, for an activity like "Eating out", people often travel together. If more than one household member go eating out together by car, average per capita fuel consumption for the household for this activity decreases, whereas average "Eating out" time per person stays the same. People often travel alone for work and study as well, but in that case, even if the modal share of private vehicles is high (72,2%), the total time dedicated to the activity is much higher than for "Sport & outings" and "Shopping & administration", resulting in a lower intensity. Four of the five least energy-intensive activities are "Sleep", "Care", "Leisure (non energy-intensive)" and "Eating at home": the only energy attributed to these home activities is "base" heating/cooling and lighting (except for "Sleep"), whose expenses are attributed pro rata time use. The other activity marked by a low direct energy intensity is "Eating out", which is only allocated a share of fuel consumption for private vehicles. This low energy intensity is the result of low fuel consumption (which we already commented upon), compared to the relatively long hours dedicated to the activity. Regarding non-E expenditure intensities, the two eating activities turn out to be the most intensive (e4.99/hour for "Eating at home" and e4.40/hour for "Eating out" 19 ), substantially above all other activities. This reflects the high budget share of sustenance expenses measured against the contained time budget devoted to eating. The higher expenditure intensity of "Eating at home" time in comparison to "Eating out" time might seem counter-intuitive, as restaurant prices should cover operating expenses as well as capital depreciation in addition to the cost of food. However, meals taken out last on average much longer than meals taken home-probably because of an additional average leisurely dimension. Right after eating activities, the high non-E expenditure intensities of "Shopping & administration" and "Sport & outings" time uses reflect the nature of the expenses allocated to these activities: beauty care and health services (for the "Shopping & administration" time) and cultural and sports events (for the "Sport & outings" time) have quite high prices compared to the relatively short time spent in them. At the opposite end of activities, the non-E expenditure intensity of "Sleep" is nil because we did not allocate any expense to that activity except the base heating or cooling energy expenditures that we convert into energy units. Apart from "Sleep", the least non-E intensive activities are "Housework: meals", "Housework: clothes" and "Care", which are characterized by little non-E consumption compared to the time spent in the activity. Accounting for beds and bed linen, washing machines, ironing equipment, specific kitchen appliances, etc., would substantially increase their non-E intensities, although probably not to an extent that would upset the ranking of activities.
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Overall, the 3 characteristics revealed to each of our 13 activities shows remarkable variability. All 8 combinations of higher/lower dedicated time, higher/lower E-intensity and higher/lower non-E intensity are represented. This hints at large consequences of factoring in activity patterns and the relative substitutability of activities in energy consumption outlooks, all the more so if underlying energy efficiency trends (e.g. those on heating, lighting, transport or those specific to some appliances) differ.
Sensitivity of activity pattern and intensities to income
We now turn to results disaggregated by income per CU (hereafter simply "income") deciles with a view to analyse whether time uses and their energy and expenditure intensities present significant income elasticities in our database-a question of obvious interest to energy demand dynamics.
As households from different income deciles face a strictly identical time budget, it is interesting to look into the shifts from some activities to others as income increases. We observe some tendencies for such shifts (Figure 3 ): the time spent on "Work & study" and "Eating out" increases with income while that spent on "Sleep", "Leisure (en.-intensive)", "Eating at home" and "Housework: meals" decreases-with some exceptions regarding the 1st income decile. This is the result of the presence in the first decile of a larger proportion of young single people, among which many students. The other activities exhibit less clear trends. The aggregation of travel times with the targeted away-from-home activities masks that travel times consistently increase with income (1st decile excluded again) from 1 hour per day and per person in the 2nd decile to 1.5 hours per day and per person in the 10th decile. The distribution across away-from-home activities also fluctuates, with travel time for "Work & study" increasing with income at the expense of that for "Shopping & administration".
Non-E intensities generally increase with income ( Figure 4 ). The most non-E expenditure intensive activities on average, "Eating at home" and "Eating out", both show a quasi-exponential increase in non-E expenditure intensity with income. However, this intensity increase results from increasing non-E expenditure and slightly decreasing activity time for "Eating at home" vs. from expenditure increasing substantially faster than activity time (although the latter increases as well) for "Eating out". Meal preparation and consecutive cleaning up (combined in the activity "Housework: meals") exhibit a clear decrease in time use with income and an increase in energy use and non-E expenditure (even if absolute values for expenditure are low compared to other activities). This suggests a substitution of time with energy and other goods in the home production of meals as income grows, which could point for example at a higher reliance on prepared, frozen food requiring less preparation time but more direct energy.
We also observe that the non-E expenditure intensities of the highest income decile are particularly higher than those of the 9th decile for the "Eating at home", "Eating out" and "Sport & outings" activities. In the case of "Eating out", this reflects a much increased non-E budget for a substantially higher time use, while for the two other activities it is only budget that is increased and time use is close to constant. Let us underline that parts of the almost systematic increase in non-energy expenditure intensities could result from higher average prices of similar goods rather than from increased consumption volumes (more expensive restaurants, piece of garment, equipment, car, etc.). Girod and de Haan [30] indeed compare prices paid per functional unit of goods (kg, m 2 , pkm) for a lower (below median) income group and a higher (above median) income group: they find that 62% of expenditures analysed at COICOP level 4 show significantly higher prices for the higher income group. For food categories, they estimate an average 17% difference in price between the two income groups; based on BDF data, this difference is even higher when considering the 1st and 10th income deciles: we found that prices for food categories are, on average, 43% higher for the 10th decile.
Energy intensities increase with income as well (Fig. 5) , even though in a few cases the income decile having the highest energy intensity is not the 10th. For many activities, the highest energy intensities are more than twice the lowest ones. This is largely due to differences in "non-base" energy expenditure, i.e. specific energy consumption beyond heating/cooling and lighting energy. "Base" energy intensities are generally low compared to the total intensities. In Figure 5 , they are revealed by the activities "Care", "Eating at home", "Leisure (non energyintensive)" and "Sleep", which could only be attributed base energy consumption.
21
Household direct energy use depends on the activity pattern and on the energy intensity of each activity. To separate the effects of the two drivers, we estimate what the energy use of the average household belonging to the 10th income decile would be, if it had the same activity pattern as the average household of the 2nd income decile, while retaining its 21 Energy intensities of "Sleep" are slightly lower since lighting is excluded. For each household, the energy intensities of "Care", "Eating at home" and "Leisure (non E intensive)" are the same, as "base" energy expenditures were attributed to these activities proportionally to time use. There is a slight difference in average intensities of these activities for a given income group because we calculated average intensities as ratios of average energy use and time use, as outlined at the beginning of section 2.4. Figure 5 : Average direct energy intensities of household activities, by income decile own energy intensities (we again set aside the 1st decile because of its specific demographics). Direct energy use per CU would be 4.7% higher as a result. Therefore, the activity pattern of richer households, who spend more time in "Work & study" and "Eating out" and less time in "Sleep", "Leisure (energy intensive)" and "Eating at home" compared to households of the 2nd decile, causes a reduction in direct energy use. Average income per CU and energy uses of deciles allow estimating an income elasticity of direct energy use of 0.395. If all deciles had the activity pattern of the 2nd decile, the elasticity would be slightly higher, at 0.414.
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This moderate impact of activity pattern shifts on income elasticities only prevails in a static framework considering fixed energy intensities of time uses of income groups. In a dynamic framework, e.g. in any energy demand outlook, the contrast of activity patterns across income groups warrants that any difference in the evolution of energy intensities of activities will induce markedly different variations of the energy consumptions of income subgroups.
Sensitivity of activity pattern and intensities to household composition
To analyse whether also household demographics significantly impact activity patterns and intensities we consider 6 different household compositions: single person 65 or below, single person above 65, couple without children with person of reference (PR) 65 or below, couple without children with PR above 65, single parent, couple with children. However, household composition and income are highly correlated, as older households have generally higher income. To separate the effect of household composition from the effect of income, which we have already explored, we carry out our analysis of energy and expenditure intensities by household composition for each income quintile. For the sake of concision, we present the results for the third (median) quintile. The conclusions we draw would not change if we considered one of the other quintiles instead.
Household composition clearly influences the activity pattern, in expected ways ( Fig. 6 ): time spent on "Work & study" is extremely low for older households, who spend longer time on leisure activities, both energy intensive and non energy-intensive. The other activities also show marked differences in time use across household types. Couples without children with PR aged more than 65 spend the highest time eating at home and the lowest time eating out, whereas for single people under 65 the reverse is true. The household with the highest "Housework: meals" time are single people above 65, and couples with children are characterised by the lowest "Housework: meals" time per capita. "Housework: home" time for couple w/o children and PR above 65 is twice as high as the one for single parent households. "Care" time exhibits a great variability as well, being more than 4 times higher for couples with children than for single people 65 or below, for obvious reasons.
Household types also exhibit significant differences in the non-E and energy intensities of their activities (Figures 7 and 8 ). For the activity "Sport & outings", couples without children, with PR 65 or below, show the highest non-E expenditure intensity, which is twice as high as the one of single people above 65. The two types of leisure show large relative differences between the highest and lowest values as well. The non-E expenditure intensities of "Leisure (non E-int.)" and "Leisure (E-int.)" for couples with children are respectively three times and 2.3 times those of couples without children, PR above 65. For the activity "Eating at home", the most expenditure intensive household types are single persons below 65 and single parents, as these households spend significantly lower times eating at home compared to other household types, whereas the differences in food expenditure among household types are less marked. Not surprisingly, the two household types that include children are associated with the highest expenditure intensities of "Work & study", because expenditure for this activity includes all educational expenditure-whereas professional expenditures are largely covered by employers. Turning to energy, it is interesting to observe that some activities have similar energy intensities across household types, for example "Care", "Eating at home", "Leisure" (both kinds) and "Sleep" (the highest E-intensity is 1.1 to 1.7 times the lowest E-intensity). Other activities are characterized by a much larger variation across household types. For example, the energy intensity of "Eating out" for couples without children, PR 65 or below, is 6 times the energy intensity for couples without children, PR above 65. For "Housework: clothes", households with children have clearly higher energy intensities, partly explained by the energy consumption of washing machines and dryers being correlated with their dimensions and therefore with household size. Single parents show the highest energy intensity for the activity, which is 2.6 times the energy intensity for single people above 65. These results specifically warrant paying attention to household composition trends (e.g. caused by ageing) in any long-term analysis of final energy consumption, confirming recent analysis by Huebner et al. [31, 32] , who found that socio-demographic variables alone explained respectively 24% of the variability in domestic energy consumption (gas and electricity combined) and 21% of the variability in electricity consumption for English households. 
Sensitivity of activity pattern and intensities to housing type
Our third axis of analysis is the type of housing. We disaggregate our results between houses (including attached and detached housing) and apartments. Housing type acts as a proxy for a combination of other variables, such as dwelling surface or the type of residential area (central, suburbs, rural, etc.). Because housing type is also correlated to income, we again break down the analyses below into income groups. Considering only 2 housing types allows us to report the results concerning the bottom (Q1) and top (Q5) income quintiles in addition to the median one (Q3).
Starting again with activity patterns (Figure 9 ), we observe that the effect of housing type is narrower than it was for household composition. It is most evident for (total) housework time, which is 40% to 52% higher for households living in houses (depending on income quintile) than for households living in apartments. It is also noticeable concerning "Eating at home" (from 24% to 29% higher for households in houses) and, conversely, for "Eating out" (from 31% to 44% lower). However, the time dedicated to other activities shows less variability between housing types. The impact of housing type on non-durable, non-E expenditure intensities is also less strong than that of income, although it is noticeably varied (Figure 10 ). "Care" has a markedly higher non-E intensity for households living in houses, particularly so for the first quintile (+188%), which betrays the possession of pets (the only non-E expenditure specific to the activity). "Sport & outings" and "Shopping & admin." also exhibit quite higher non-E intensities for households living in houses, because houses are more frequently set in rural areas, which induce higher travel expenditures, in terms of car acquisition and maintenance and public transport fares. These higher expenditures impact as well on the non-E intensities of the two other awayfrom-home activities, "Eating out" and "Work & study", but only moderately because they spread over longer activity times. One exception is "Work & study" for the first quintile, which is 28% less non-E expenditure intensive for households in houses than it is for households in apartments. This could be because small farmers, who live in houses but do not require commuting, concentrate in this low-income group. Under similar budget constraints, higher pet and transport expenditures of households living in houses come at the expense of other activities, whose intensities are consequently below those computed for households living in apartments. The correction is fairly evenly spread across remaining activities, with one particular stress on "Housework: clothes", whose intensity is 28% (Q3) to 50% (Q5) lower. Lastly, "Housework: meals" stands out because it is more non-E intensive in houses for Q1 (+55%) and Q5 (+13%) but not for Q3 (-16%). Turning to direct energy use, our data analysis reveals a major influence of housing type on the energy intensities of activities (Figure 11 ), which again confirms the study of Huebner et al. [31] for England (with building variables explaining 39% of the variability in domestic energy consumption), or that of Yun and Steemers [33] for the United States (as specifically regards cooling). For many activities and across quintiles, the energy intensity of households living in houses is more than double that of households living in apartments. For home activities this gap is caused by houses having larger average surfaces and higher thermal losses, because of the absence of other juxtaposed dwellings. This causes higher "base" energy consumption for heating/cooling and lighting. Moreover, the EDF R&D electricity demand survey that we used for electricity expenditure disaggregation indicates that a larger available surface is generally associated with larger household sizes and thus larger appliances, which have higher electricity consumptions. This impact of housing type on appliance electricity consumption is particularly evident for "Housework: clothes" and "Personal time". In the case of "Personal time", though, a possible bias stems from expenditure for warm water being sometimes included in service charges paid by households living in apartments.
Away-from-home activities also exhibit contrasted energy intensities for the two housing Figure 11 : Average direct energy intensities by housing type, for 3 income quintiles types, even though the only direct energy consumption associated with them is fuel for private cars. This is again because housing type acts as a proxy variable for urban density and thus the density of public transport provision: houses are more common in the suburbs or in rural areas, where it is more difficult to access public transport or to walk to work, school, shops or other services, resulting in a predominant use of the car. The French 2008 travel survey thus reports that households living in rural areas have a larger number of vehicles per household, for all income quintiles. Moreover, living in a house is associated with higher income, larger dwelling surface and household size and therefore it is also associated with the possession of bigger, hence less fuel-efficient cars: for all income quintiles, rural car owners have a larger share of medium and big cars (weight equal to, or higher than, 1000 kg) than urban car owners. Among away-from-home activities, we observe the largest differences in energy intensities between the two types of dwelling for "Shopping & administration". This is because travel represents a much larger share of the total time allocated to this activity compared to the other away-from-home activities, as we mentioned before.
Conclusion and discussion
From the analysis of our original extended database we draw two main conclusions. One first conclusion is on the significant variability of the average time, energy use and non-E expenditure dedicated to daily activities, without any apparent correlation between the 3 characteristics: activities with higher or lower average time uses can indifferently have higher or lower average direct energy intensities as well as higher or lower average non-E expenditure intensities. This has important bearing on energy consumption dynamics. The unescapable time constraint on daily activities means that any variation of one activity time, whether an increase or a decrease, will induce adjustments of other activity times. The variability that we have revealed implies that the aggregate impact on direct energy consumption of lifestyle changes will greatly depend upon the nature of this adjustment via the specific energy intensities of the mix of adjusted activity times. Besides, the variability of non-E expenditure intensities suggests that changes in activity patterns could also have an impact on indirect energy consumption (embodied energy could be calculated for the different products and services that correspond to each activity, although, as we mentioned in the results section, price differences among households should be taken into account to avoid bias). This is a generalisation of the time rebound effect argument developed by Jalas [14] for the use of some appliances, and a demonstration of its significance when considering a comprehensive set of daily activities and a complete distribution of direct energy consumptions.
Our second conclusion is on the influence of 3 household characteristics pertaining to the economic (income per CU), socio-demographic (household composition) and "socio-geographic" (type of housing, acting as proxy of social, demographic as well as technical variables) dimensions. We establish that income is a major determinant of activity patterns and (expectedly) of the energy and non-E expenditure intensities of activities, although the elasticity of energy consumption to income, at ca 0.4 (section 3.2), turns out to be only marginally impacted by activity pattern differences; that the composition of households largely determines their activity patterns as well as the energy and non-E expenditure intensities of some, but not all of these activities; that, somewhat conversely, the housing type of households strongly impacts all energy intensities of their time uses-by close to a factor 2 for many time uses and quite beyond that for some-but has a more limited impact on their activity patterns. We thus confirm that the energy consumption of households results from activity patterns and energy intensities of activities that show substantial variations across household subgroups. This implies that the specific dynamics of these subgroups should be explicitly considered when forecasting household energy consumption.
These two conclusions have particular bearing on economywide modelling applied to scenario analysis of household energy consumption. Most large scale energy-economy models build upon the microeconomic standard of utility maximisation under budget constraint. They consequently overlook any time constraint, at the risk of picturing budget allocations that are hardly compatible with any plausible average activity pattern. Large-scale models also often stick to the assumption of the "representative" household, whose consumption behaviour is aggregated over the entire population and calibrated on past observations. 23 Aggregation forbids accounting for the behavioural specificities of household subgroups [35, 36, 37] . Any evolution of the relative weights of such subgroups in the total population outside the trends embodied in past observations will induce aggregate consumption shifts that will thus be overlooked. Beyond income issues, population ageing, typically, is an accelerating phenomenon in many developed countries that had better be treated explicitly by proper disaggregation of household groups. The increasing proportion of single-parent households could be another demographic trend with important energy intensity consequences. The balance of houses vs. apartments is one more open question, which should be addressed by sensitivity analysis and scenario variants. It could in fact be one major lever of policy intervention, considering its bearing on the energy intensities of activities.
24
23 Some models disaggregate households by income group (see e.g. [34] ). This is an improvement over the representative household aggregation but our analysis reveals that other disaggregation keys should be considered as well. 24 We postpone any substantiated discussion of the policy implications of our findings to further research where we can develop it on energy demand trajectories built upon them.
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